Introduction
The search for explanations of cancer rate patterns has a long history. Since many years, cancer noticeably has been more prevalent among the older than the younger population. Most researchers studying the relationship between age and cancer mortality risk focused mainly on the increase in cancer mortality rates with age (see e.g., Peto et al. 1975 , Rainsford et al. 1985 , Volpe and Dix 1986 , Dix 1989 , Krtolica and Campisi 2002 . They ignored other typical features of cancer rate patterns, such as deceleration and decline at old ages. A reason might be that they have used data on agespecific cancer mortality rather than incidence data. Data on cancer mortality are traditionally limited to age 75, which does not allow for observations on the decline in the rate at oldest ages (see e.g., EUCAN and GLOBOCAN databases). Data from studies on age-specific cancer mortality among the oldest old, when combined with available data for earlier ages (Health US 1997 , Smith 1996 , 1999 , allow us to conclude that cancer mortality rates among the oldest old decline with age.
In this paper, we will focus on possible explanations of typical patterns of the overall cancer incidence rates. Typical age-pattern features of the overall cancer incidence rate include (Fig. 1; source: IARC 1965 source: IARC -1997 :
a peak during early childhood, (ii) a low rate during youth, (iii) an increase during adolescence, (iv) deceleration or decline at old ages.
The decline in the cancer incidence rate is also observed in cohort data (Fig. 2 ). Age-specific incidence rates for different cancer sites have substantially different patterns due to different underlying mechanisms. For instance, hormonal instability at climacteric ages influences morbidity of diseases directly connected with the endocrine and immune balance such as female hormone-dependent cancers (e.g., ovarian or endometrium cancers). This results in "wave-like" patterns of incidence rates for these sites. Nevertheless, some cancer sites have age-specific trajectories of incidence rates at old ages similar to the overall cancer incidence rates at these ages (i.e., a leveling-off or decline). This is observed for some of the most prevalent cancers such as lung, stomach and colon cancers for both males and females in different countries and time periods (Fig. 3) .
Site-specific analyses of cancer rates are very interesting and important. We think, however, that this should not exclude studies of the overall cancer incidence rates. This situation resembles the relationship between mortality by cause of death and total mortality in demography. Although studies of cause-specific mortality give us much more details concerning the mechanisms involved in mortality increase, the studies of total mortality are continuing partly because the shape of this curve exhibits remarkable regularity despite variability in trends in patterns of cause-specific mortality rates. For this reason we decided to focus on the overall cancer incidence rates and address questions related to cancers of specific sites in our further studies (more details will be discussed in Ukraintseva and Yashin (2004) "Economic progress as cancer risk factors", to appear).
Concerning the contribution of cancers of several sites into the decline of the overall cancer incidence rate, there is a common opinion that the shape of the incidence rate pattern is an invariant characteristic of a cancer site. For instance, it was proposed (on the base of data from the USA population of the past century) that male lung cancer exhibits an exponential increase in the rate until the very old ages regardless of time and place differences. This implies that such a shape is an inherent trait of any lung cancer pattern. Initially we believed that the specific traits of incidence rate patterns (e.g., manifestation of a peak rather than a leveling-off at old ages) mostly depend on a cancer site being its inherent feature as well. However, a detailed comparison of incidence rate curves showed that their shape depends not only on cancer site and sex but also on time, place, and generally on prevalence of the respective cancer (source: IARC 1965 (source: IARC -1997 . For instance, male lung cancer was less prevalent in Japan in the past and its age-pattern manifested a wave-like shape with a peak around ages 70-74 in the 1960s, while in the 1990s it exhibited a peak shifted to the older ages (Fig. 3) . In the UK, such a peak is absent nowadays at all but it was exhibited in the past, in the 1930-1940s. Age-patterns of colon, breast, ovarian and stomach cancers also differ over time and place. These differences in the shape of incidence rate patterns for the same cancer site probably reflect time and place differences in carcinogenic exposures. The effects, being significant, may mask tissue-specific dependence of cancer risk on age. Despite such differences, the overall cancer rate patterns exhibit common features. This also justifies analyses of cancer incidence rates for all sites combined.
Detection bias is a well recognized factor that plays an important role in defining age-related patterns of cancer incidence rates. The detection of new cases of cancer often involves complex diagnostic procedures. The use of a number of such procedures (e.g., colonoscopy) may be restricted in the oldest old ages, when individuals are frail, or have multiple chronic conditions. This may create the detection bias since a number of cancers may stay undetected among the oldest old. For this reason the deceleration or decline in the age pattern of cancer incidence rate at oldest old ages, calculated from the available data, may not necessarily reflect the real pattern of changes in cancer risk with age. Several studies have been performed to address this issue. Stanta et al. (1997) analyzed a group of 507 autopsies of elderly subjects, divided into three age groups, 75-90 years, 95-99, and over 99 (centenarians) . The prevalence of cancer was 35% among the younger persons, and 20% and 16% respectively, for two other groups of the oldest old. Accuracy of diagnosis also declined in the oldest old. The authors concluded that both the incidence of cancer and the importance of cancer as a cause of death might decline after age 95. Kuramoto et al. (1993) analyzed the prevalence, rate of correct clinical diagnosis, and mortality of cancer in 4,894 consecutive autopsies at the Tokyo Metropolitan Geriatric Hospital from 1972 to 1990. Cancer prevalence decreased with advancing age: 50.0% in the sixties, 47.9% in the seventies, 43.2% in the eighties, and 39.3% in the nineties and over. There is also evidence concerning cancer incidence turnover at old age in laboratory mice (Pompei et al. 2001) . These significant findings suggest that old age decline in cancer risk is not spurious. Indeed, for example, in the case of experimental animals, such decline can not be related to a diagnostic bias.
Despite the fact that additional efforts are necessary to evaluate the contribution of detection bias into observed estimates of cancer incidence and mortality rates (see Ukraintseva and Yashin 2003 for a detailed discussion on the issue of detection bias and cancer incidence rates at old ages), many cancer epidemiologists agree on a decelerating and even declining age pattern of these rates at oldest old ages. Few attempts have been made to explain the above developments in cancer rate curves. Some theories attribute the cancer risk patterns to diminished exposure to carcinogens (e.g., tobacco smoking) in older individuals (Peto et al. 1985) , the effects of population heterogeneity (Vaupel and Yashin 1988) , and the paradoxical impact of physiological aging on cancer risks at old ages (Benson et al. 1996, Ukraintseva and Yashin 2001) . Below, we discuss different mathematical models that provide specific explanations for the cancer incidence rate patterns observed. We apply a modified Strehler and Mildvan (1960) model of aging to data on cancer incidence rates in different countries and different time periods. We show that the model of carcinogenesis, which operates with some parameters of an organism's aging (with a possible extension to include heterogeneity), produces patterns of cancer incidence rates similar to those observed in human populations.
Data
We apply our model to data on human cancer incidence rates in different countries and different time periods. The data are provided by the International Agency for Research on Cancer (IARC) in seven volumes (IARC 1965 (IARC -1997 . Each volume covers a time period of several years (usually three to five) for each country (or province and/or ethnic group) under study. The periods vary for different countries. The volumes each provide the female and male average annual cancer incidence per 100,000 over the corresponding time period for the specific country (province and/or ethnic group) in 5-year age groups up to 85 and above (for some countries, the first group, 0-4, is separated into two groups: 0 and 1-4). The data are provided for separate sites and for all sites combined. Not all countries are presented in each volume. The longest time series are available for Japan (Miyagi prefecture). Each of the seven volumes contains data on the cancer incidence in this region. It therefore is the most appropriate data set to analyze changes in cancer incidence rates over time (Fig. 1) . Besides the Japanese data, we also look at cancer incidence rates in several European countries, Canada, and the USA. Altogether, we use 30 data sets for different countries, ethnic groups, and time periods in our analysis.
Models of human cancer incidence rates
Several types of models can explain the patterns and dynamics of human cancer incidence rates. In this section, we outline some of them and provide different explanations for the observed patterns of the rates. The application of these models to the available data is beyond the scope of this paper.
Age-period-cohort models (APC models) are widely used to represent epidemiological data. They facilitate trend analysis in disease incidence and mortality over age, time, and birth cohort. Some additional efforts are needed to deal with identifiability problems (Robertson et al. 1999) . However, the main point here is that one is able to obtain the observed dynamics of the rates over age (an increase and then a leveling-off or decline) and an increase of the rates over time operating with the combinations of age, period and cohort effects.
Another explanation of the decline in cancer incidence rates stems from differential selection in a heterogeneous population. Both discrete and continuous heterogeneity models provide possible explanations of this decline (see various models of cancer incidence and mortality rates in a heterogeneous cohort in Vaupel and Yashin 1988) . The mixture of two populations, one of which is prone to cancer and the other is not, results in a decline of the cancer incidence rate in the entire population due to the dying off of the susceptible sub-population Yashin 1985, Vaupel and Yashin 1988) . A gamma-frailty model (Vaupel et al. 1979) , with a Welbull baseline incidence shows a declining incidence rate at old ages at the population level.
Age-period-cohort and heterogeneity models do not describe the internal biological processes that result in the observed rate dynamics. Other models that incorporate biological mechanisms of carcinogenesis also can explain the actual patterns of cancer incidence rates. The Armitage-Doll (AD) model (Armitage and Doll 1954) uses a multistage theory of carcinogenesis to explain increases of cancer incidence rates with age. However, the AD model can not produce the decline in the rates. The Moolgavkar-Venzon-Knudson (MVK) model (Moolgavkar and Venzon 1979 , Moolgavkar and Knudson 1981 , Moolgavkar and Luebeck 1990 takes into account the dynamics of cell proliferation and differentiation in the process of carcinogenesis. The model, which has age-dependent intensities of proliferation and differentiation of normal and intermediate (pre-malignant) cells, results in age-related increases and declines of the rates. Yakovlev et al. (1993) suggested a model of tumor development that operates with a set of cells ("clonogens") capable of generating tumors in the long run. The incidence rates are proportional to the probability distribution function of random variables representing the time for the clonogen to produce a detectable tumor (progression time). As a result, the incidence rates increase, level off, and decline with age.
Individual aging models refer to age-associated changes in an organism that influence the chances of developing a disease. Ukraintseva and Yashin (2001) proposed a model of individual aging that operates with three components (basal, ontogenetic, and exposure-related) having different age-related dynamics in an organism. The basic idea behind this model is that internal biological processes, which exhibit different age-related dynamics, are assumed to have a different influence on the age-specific probability of developing a disease. Any observed morbidity pattern in a population is the result of interaction between these processes (see details in section 4.2. below). The model can be incorporated into the Yakovlev and Tsodikov (1996) model of carcinogenesis to produce the observed patterns of human cancer incidence rates.
The role of individual age-related physiological changes that may change susceptibility to cancer with age can be captured by the Strehler and Mildvan (SM) model (Strehler and Mildvan 1960) . Below, we present a modification of the original SM model and apply the modified model to data on human cancer incidence rates in different regions and time periods.
Modifications of the Strehler and Mildvan Model
The original SM model has been widely applied to human total and cause-specific mortality data (see Millecchia 1992, Riggs and Hobbs 1998, among others) . An important feature of this model is the connection between age-related physiological declines in an organism and Gompertz mortality curves. The model can also be used to describe an increase in cancer incidence rates up to old ages. However, it can not produce the leveling off and decline observed in the rates at oldest ages. Some modifications of the model thus are necessary to reproduce the entire trajectory of cancer incidence rates. We start with the original SM model and then develop its modifications.
The original Strehler and Mildvan Model
Following Strehler and Mildvan (1960) , assume that an organism has a certain capacity to stay healthy (i.e., to have no tumors) at age x. This capacity or "vitality" is defined as a linear function of age:
where parameter B characterizes the slope of the vitality curve. V 0 B in the Strehler and Mildvan model can be interpreted as the rate of physiological aging. Suppose that the intensity of events associated with external stress (we designate it as K(x)) does not depend on age, i.e., K(x)=K. Let D ε be an average magnitude of stress. Under these assumptions, the observed cancer incidence rates are 
The straightforward application of the original Strehler and Mildvan model to human cancer incidence data (IARC 1965 (IARC -1997 produces negative values of "vitality" V(x) at oldest ages. To avoid these limitations, we suggest an extension of the SM model. Since the model includes a conception of the individual aging rate, we discuss available empirical data on the dynamics of internal biological processes in an organism. These dynamics can be used to define age patterns in the rate of individual aging.
Available empirical data on the rate of individual aging
To analyze data from experimental biology on the dynamics of the individual aging rate, we first define this rate per se. To date, researchers have not reached a consensus on the definition and ways of measuring an organism's aging rate. Several measures have been suggested, including the use of so named "bio-markers of aging" (Anstey et al. 1996 , Dean 1988 , McClearn 1997 , Nakamura et al. 1998 . A bio-marker of aging is an index of an organism's physiological state. The rate of individual aging can be measured as an increment (or decrement) in the value of the bio-marker per unit of age.
It was shown that age-related changes in that bio-marker can be accelerated, decelerated, or be linear, depending on the variable chosen as the bio-marker (Fig. 4 , see also Nacamura et al. 1998).
Figure 4:
Three representative trajectories of a bio-marker of aging (adapted from Nacamura et al.
1998)
Note: We can see that a bio-marker of aging accelerates (ab), decelerates (ef), or assumes linearity (cd) with age in an organism. Correspondingly, the rate of aging, defined as the rate of change in the bio-marker, increases (in case of ab), decreases (in case of ef), or does not change (in case of cd) with age, depending on a variable chosen as the bio-marker of aging.
Equally, the rate of age-related changes in a bio-marker of aging (i.e., the rate of aging per se) may increase, decrease, or not change at all with age (see comment on Fig. 4 ). This means that at the same time, and in the same organism, the rate of aging can be characterized by increasing, decreasing, or constant functions, depending on the index chosen as the bio-marker of aging.
Does this mean that all attempts to calculate individual aging rates as a universal index are useless? In some sense, yes. First, the rate of individual aging is not an obligatory constant during life. It may change in an individual with age (as shown by the curves "ab" and "ef" in Fig. 4) . Second, the aging phenotype results from agerelated changes in an organism. These changes are often discordant (because the dynamics of separate age-related processes may be accelerated, decelerated, linear, or even wave-like). The relative contribution of these processes to the age phenotype may differ in individuals, creating significant variability in aging manifestations. 
Aging Biomarker
Age instance, some individuals look younger but are more vulnerable to disease than their peers, while others look older but are more resistant to acute stress, and as result live longer. What can we do, then, to study the rate of aging under such conditions? A solution is to subdivide individual aging into processes that show different age-related dynamics, and then to study these processes separately. Ukraintseva and Yashin (2001) applied this approach to explain patterns of age-specific morbidity in human populations. The authors divided all age-associated changes in an organism into three categories (basal, ontogenetic, and exposure-related) characterized by the decelerated, wave-like, and accelerated change in physiological indices with age, respectively, and showed that these have a different (sometimes even opposite) influence on age-specific risks of common diseases, including cancer (see also Ukraintseva and Yashin 2003) .
Here we consider only basal changes in an organism. These are associated with the most frequently observed type of age-related dynamics of a bio-marker of aging: a decelerated change in the value of the bio-marker with age (as shown by curve "ef" in Fig. 4 ). The basal changes reflect the universal decline in the rates of basic biological processes during an organism's life (such as the metabolism, cell proliferation, and information processing rates) (Grove and Kilgman 1983 , Cheron and Desmedt 1980 , Guyton and Hall 1996 , Remmen et al. 1995 , Dean 1988 , Rubin 1997 . Concerning basal changes, the main difference between an old and young individual is that the former lives, thinks, and does everything else slower than the young individual, that is, the rate of aging decreases in an organism with age. In consequence, many phenotypic effects of aging accumulate in an organism at a slower rate with age. For instance, an organism grows and gains weight at a slower rate (Fig. 5a ). The parameters of skin elasticity also change at a slower rate (Fig. 5b) with age. The deceleration in the accumulation of phenotypic aging effects is noticeable even in age appearance: the percentage of gray haired individuals in a population increases at a slower rate with age ( Fig. 5c , see Keogh and Walsh 1965) . 
Revised Strehler and Mildvan Model
Empirical data from studies of individual aging thus allow us to conclude that the rate of aging measured in accordance with the age-related dynamics of key physiological processes (such as metabolism and information processing) decreases with age, and changes in the respective bio-markers of aging decelerate with age in an individual. As to the SM model discussed above, this biological information allows us to make an assumption about exponentially (instead of linearly) declined individual "vitality" with age. We assume that there is an age-related decline in the individual rate of change in this vitality. Hence, the vitality index is In the original SM model, parameter B characterizes the slope of the vitality curve. In the revised model, parameter B can be interpreted as the "logarithmic rate of aging" because
In the revised model, parameter B characterizes the slope of the logarithmic vitality curve, log V(x), and the incidence rate is (8)
Applying a revised Strehler and Mildvan Model to cancer data
Epidemiological data show that changes in cancer incidence rates over time as well as differences in the rate among populations are closely associated with factors related to economic progress. In particular, the overall cancer incidence rate is commonly higher in the more developed countries. Usual explanations of this association involve improved diagnostics and increased exposure to environmental carcinogens (e.g., smoking and industrial pollution). Others concentrate on rising individual vulnerability to cancer and attribute improved medical and living conditions as well as better hygiene, among others factors, to this increase; these factors are seen to favor the "relaxation" of differential selection in a population and to increase the survival of frail individuals in a population. The revised SM model also explains the decrease in the overall cancer incidence rate at old ages (usually after 75) that is widely observed in epidemiological (both period and cohort) data. There are two different methods to obtain the declining rates.
First, we can obtain from this model the observed decline at oldest old ages and acceleration in the rates over time, assuming age-dependent parameter K (or, alternatively, parameter D ε ) and/or age-dependent parameter B. We formulate three modifications to the model (7): a) Let the intensity of stress events be constant until some age T and after this age it starts to decline exponentially (as a manifestation of an older individual tending to avoid stresses):
where 1 0 << < K C
. Let r(x)=B be constant. We will refer to model (7) with modification (9) as Model 1 throughout the text. b) Assume that the intensity of stress events is constant at all ages but that the "logarithmic rate of aging" is changing over age. Assume, for instance, that this rate is constant until some age T and then it starts to decline exponentially (as a more pronounced manifestation of the basal component of aging, see Ukraintseva and Yashin 2001):
. We will refer to model (7) with modification (10) as
Model 2 throughout the text. c) Suppose that the intensity of stress events is modeled in the same way as in a.) but that at the same time the "logarithmic rate of aging" starts to increase exponentially:
. We will refer to model (7) with modification (11)- (12) as Model 3 throughout the text.
In all variants of the model, the resulting incidence rates decline at old ages. Second, the observed dynamics of cancer incidence rates can also be obtained with the aging-independent parameters of the revised SM model, using a different approach. For this purpose, we include not only an exponentially decreasing rate of aging during life r(x) but also a factor of population heterogeneity, assuming variability in parameter K. The advantage of such an approach is that it allows us to consider both phenomena, a decrease in the individual rate of living with age and differential selection in a heterogeneous population within the framework of one model, explaining the decline in the overall cancer incidence rate at old ages.
To describe heterogeneity, suppose that each individual during his or her life has a specific value of intensity of stress events, denoted by K, and that this intensity is gamma distributed with mean 1 and variance 2 σ . Assume that the other parameters of the revised SM model are deterministic. Then, the conditional incidence rate of such an individual is
and, according to the well-known formula for the gamma-frailty model (Vaupel et al. 1979) , the observed incidence rate in the population is ( ) 
Results
Models 1-4 were applied to data on human cancer incidence in different regions and time periods. The parameters were estimated using Matlab's least-square routine. The estimations in all models for males and females are presented in Tables 1-8 . IARC 1965 IARC -1997 The four models provide an adequate fit to the data in different regions and time periods. Norms of differences and correlations between modeled and observed incidence rates for the same data set in Models 1-3 are comparable (see columns Norm and Corr in Tables 1-8) . Model 3 has greater flexibility because it has an additional parameter and is capable of producing a better fit for some data sets. Model 4 fit least according to the norms of differences and correlations between modeled and observed incidence rates. Nevertheless, all four models capture the observed patterns of cancer incidence rates (except a peak in early childhood): a low rate in youth, an increase in this rate during adolescence, and a deceleration or decline at old ages. The models also produce non-declining rates when parameter T equals the maximal age of available data (85) or parameters c B or c K are zeros.
Estimations of parameters D ε and B for the same data set are similar in Models 1-3 in most cases. This is a predictable result because the models have, in essence, the same incidence rate until age T and then differ either in the slope of the "vitality" function or the intensity of stress events in age interval [T, 85] . The estimations, however, show variability between different data sets, reflecting substantial variability between the observed rates in different countries and changes in the rates over time in the same country. For instance, the Miyagi prefecture incidence rates at oldest old ages almost doubled 1950-1990s (Fig. 1) . Parameters D ε , B and K define the patterns of incidence rates and, therefore, are also subject to variability over time and place. The models are less sensitive to changes in parameter K and, in some cases, this parameter varies to a greater extent in Models 1-3 and in different data sets within the same model. We restricted the parameter K to be less than 10 5 in our models. In some cases, the estimations of K reach the upper boundary, but the greater values of K would result only in a minor improvement of fit. We also assumed T to be greater than 70 (around the minimal age of decline in the incidence rates) and the estimations are at boundary in some cases. However, a further reduction of the lower boundary gives no substantial improvement of fit.
Model 4 also captures the observed pattern of cancer incidence rates, except for a peak in early childhood. Parameters D ε and B have the same meaning and the same effect on the shape of the incidence rate as their counterparts in Models 1-3, and their estimations lie within the range of the estimations in Models 1-3. Estimations of parameter 2 σ (variance of the heterogeneity variable) lie within the range 0.36 -9.91. This reflects a possible variability in the susceptibility to stress in different populations at different times. Larger variances may be related to a more pronounced decline of the rate in the mid-1950s (e.g., Miyagi prefecture 1959 -1960 and 1962 -1964 , Slovenia 1956 -1960 .
The models with a constant "logarithmic rate of aging" B over age (Model 1), a decreasing B at oldest ages (Model 2) and an increasing B at oldest ages (Model 3) result in declining patterns of cancer incidence rates. This means that the observed decline in the rates may be the result of three different dynamics of the "logarithmic rates of aging" and intensities of stress events related to cancer. We interpret these changes as a more pronounced manifestation of the basal component of aging within the context of Ukraintseva and Yashin's (2001) model. The logarithmic rate of aging possibly does not change with age, in contrast to the intensity. We can also assume that the intensity is fixed over age, whereas the logarithmic rate of aging declines at oldest old ages. As a variation of the first model, we can assume that the declining intensity at advanced ages is accompanied by an increasing logarithmic rate of aging. Note that we can alternatively impose changes on the average amplitude of stress events D ε rather than intensity K.
Male and female cancer incidence rates are different. Males have higher incidence rates at older ages than the opposite sex. The stable relationship between the estimations of parameters B and D ε for male and female data in Model 4 reflects this observation.
The resulting estimates of D ε are higher for females in all data sets, while the estimates of B are always higher for males (see Tables 7-8) . A trade-off between resource allocation strategies in the male and female organisms, i.e., between average amplitudes of stress events and the rates of physiological aging, possibly explains this phenomenon. The female organism spends a greater part of her resources on "protection" against physiological aging. As a result, the values of B are lower and that of D ε are higher. The male organism, on the contrary, "fights" harmful influences and therefore reduces the amplitude of stress events that "reach" the organism. Thus, the corresponding parameters D ε are lower than that of females, but the trade-off is the higher rate of physiological aging B.
The observed increase in cancer incidence rates over time can be obtained in Models 1-4 if, for instance, one of the parameters D ε and B is increasing and the second is constant or declining. Then, changes in parameters D ε and B over time can also be interpreted in terms of changes in resource allocation strategies over time.
Conclusion
The literature on mathematical models of carcinogenesis is vast; see e.g., the works by Yakovlev and Tsodikov (1996) and Moolgavkar et al. (1999) , a recent review paper by van Leeuwen and Zonneveld (2001) and references in these works. In this paper, we mentioned several very specific mathematical models only, and they had been "selected" to explain observed trends in overall cancer incidence rates. We also analyzed data on cancer incidence rates in different regions at different periods, applying the revised SM model (both with age-dependent parameters and with heterogeneity). These models suggest different reasons for the observed patterns of overall cancer incidence rates. The analyses of the models demonstrate that:
1) The observed decline in overall human cancer incidence rates at old ages can be a pronounced manifestation of the basal component of individual aging. This result can be obtained by a decline (over age) in the related parameter of the logarithmic rate of aging (parameter B in Model 2) or by an age-related decline in intensity of external stresses at old ages (parameter K in Model 1).
2) Effects of population heterogeneity in the susceptibility to external stresses can also explain this decline (Model 4). In this model, differences in values of variance of the heterogeneity distribution explain differences in the rates of decline at old ages observed in different populations and time periods.
3) The models are capable of explaining the interesting phenomenon observed in the overall cancer incidence rates, namely the intersection of male/female rates. This universal pattern may be a result of different resource allocation strategies ("fighting" external stresses and "fighting" physiological aging) that are used by the male and female organisms. This intriguing pattern needs further explanation, from both a biological and a mathematical perspective. Available molecular-biological and epidemiological data allow for the development of more sophisticated mathematical models of these mechanisms.
4) The observed increase in cancer incidence rates over time can be interpreted in terms of changes in the resource allocation strategies over time (i.e., resource allocation between "fighting" external stresses and "fighting" physiological aging). Over-time trends in parameters of Models 1-4 (when one of the parameters D ε or B is increasing and the second is constant or declining over time) can reflect this phenomenon.
The results also stimulate development of more detailed models and accumulation of more data on dynamics of physiological indices with age. Further analyses are necessary to gain a deeper understanding of the impact of age-related physiological changes on morbidity. Available data do not allow evaluating age-related changes in internal parameters that lead to increased chances of developing a disease with age. Extensive epidemiological and molecular-biological studies are needed to obtain time-series data on changes in stress-resistance with age (e.g., cellular sensitivity to oxidative stress). This permits associations to be made between the unspecified physiological index ("vitality") and real physiological parameters. Applications of various models that incorporate the observed physiological parameters to large time series data on human morbidity and mortality can help to obtain deeper insights into the possible mechanisms that regulate aging-related changes in the physiological parameters, elucidate various factors responsible for the modification of the respective patterns over time and target appropriate prophylaxis to reduce physiological decline.
In this paper, we focused mainly on biological explanations of observed declines in the age-trajectories of human cancer incidence rates. This does not mean that other explanations should not be taken into account. The dynamics of age-specific cancer incidence rates over time reflects the combined influence of various factors (social, behavioral, environmental, medical etc.) . The possible causes of this decline include: (i) the effects of cross-sectional data that transform cohort dynamics into age patterns, (ii) population heterogeneity that selects individuals susceptible to cancer, (iii) a decline in some carcinogenic exposures in older individuals, (iv) underdiagnostics in older people -it leads to a smaller detection number of new cases existing latently, and (v) the effects of individual aging that slow down major physiological processes in an organism. None of these factors can be neglected. The first four causes have been discussed in the literature to some extent. Our present paper provided some new insights into possible biological explanations for the observed phenomena. More elaborated models are needed to incorporate all of them and reveal the relative impact of these factors on observed trends. This would provide the grounds for fruitful discussions and stimulate further research directions. Changes in social, behavioral, environmental, and medical conditions would induce changes in internal (molecularbiological) mechanisms that are responsible for cancer development. If a convincing rationale is available for representing a disease etiology in a specific mathematical model, it should not to be ignored in data analysis.
